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Abstract 
Agent-based computational papers on viral marketing have been so far focused on the study of the word-of-mouth knowledge 
diffusion, and hence merged the decisions to adopt a product and to share information about it. This approach does not seem to 
capture well the properties of viral videos which are shared with no regard whether the sender has adopted the product. This 
paper presents the first model of such knowledge diffusion. The model consists of an artificial social network (a mix of small 
world and power network) that mimics the properties of empirical social networks and a model of node activation where every 
node that viewed the viral video shares it with a random subset of her neighbors just once. The results of the simulation show that 
there is a phase transition: in one phase, almost no agents view the viral video, in the other one, a great part of the whole 
population does. When the second phase occurs, the diffusion of the knowledge in time resembles that of Bass model. What 
phase occurs and how many agents view the content depend above all on how “catchy” the video is. Other marketing practices as 
selecting the seed of the first addressed agents are of secondary importance. The marketer can choose between addressing fewer 
more connected agents or more agents with fewer connections. If the video is “catchy”, then a small number of the first addressed 
agents is sufficient even when the agents are selected randomly. 
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1. Introduction 
The advance of the Internet has made sharing digital contents such as pictures, tunes, and videos extremely easy. 
Some of these contents are indeed shared so fast and massively that their diffusion through social networks 
resembles a spread of a pandemic disease. Such massively spreading contents are then called viral. Viral videos are 
the most remarkable example of this phenomenon. Although a great part of the viral contents come into existence 
accidentally (e.g. a tourist shares a short incidental video of a policeman playing piano on a city square), the viral 
content has been also deliberately used in commercial marketing and in educational, political, and other campaigns. 
Today, viral videos advertise for commercial products and services (even banks), for universities, and for political 
parties; others try to persuade students not to play hooky etc.  
The goal of this paper is to explore by means of an agent-based computational simulation what determines the 
extent of the diffusion of a viral content through a social network. Following the epidemiological literature, let us 
call a person which has viewed the content infected. The research question is what proportion of the population gets 
infected given the parameters of the digital content, the properties of the social network, and the selection of the 
initially infected agents. The paper provides the first tentative answer to this question which is of crucial importance 
for the field of viral marketing. 
The structure of this paper is as follows: section 2 reviews the existing literature on agent-based computational 
models of viral marketing, section 3 describes the model and the simulation procedure, section 4 presents the results 
of the simulation, and section 5 discusses the limits of the present version of the model and its possible 
enhancements. 
2. Review of the existing literature on agent-based viral marketing 
There is a wide literature (both theoretical and empirical) on viral marketing originating with the seminal paper 
by Bass (1969). Most of the literature explores how the “word of mouth” affects the potential consumers’ awareness 
of a product. It is supposed that customers who adopt a product share information about it with their neighbors, 
which leads to a dynamic diffusion of the knowledge. Originally, the theoretic part of the literature modeled the 
diffusion process on the aggregate level and lacked a micro-level underpinning. Such underpinning has been 
recently provided by numerous agent-based computational simulation papers, see e.g. Goldenberg et al. (2000). (For 
an introduction into the agent-based computational modeling, see e.g. Tesfatsion (2006); for a typical application, 
see e.g. Krčál (2012).) The agent-based computational models of viral marketing consist of four parts: an explicit 
description of the used social network, the activation mechanism (i.e how an agent gets infected), the seeding 
strategy (i.e. which and how many agents get initially infected by the marketer), and the measured values used to 
answer a research question. 
The agent-based computational papers on viral marketing use various artificial and empirical networks. For 
instance, Kurahashi and Saito (2011) use three artificial networks, ring, power network, and their mix. Delre et al. 
(2010) use modified power network where the maximal order is capped. Goldenberg et al. (2000) use lattice. 
Brudermann and Fenzl (2010) use modified lattice where some positions are empty and an agent’s neighborhood 
consists of all agents not farther than three patches in every direction. Goldenberg et al. (2001) use small complete 
sub-networks connected by scarce inter-cluster connections. Watts and Dodds (2007) use random network, power 
network, and a network similar to the network of Goldenberg et al. (2001). Stonedahl et al. (2010) use four artificial 
networks, random network, lattice, small-world, and power network, and one empirical network consisting of a 
segment of Twitter users. Similarly, Cointet and Roth (2007) use several artificial networks and one empirical 
network of coauthors of scientific papers. Kempe et al. (2003) use an empirical network of coauthors of physics 
publications. Goldenberg et al. (2009) use the empirical network of users of Cyworld, a Korean social network. 
Great majority of these papers uses one of two following activation mechanisms: either a variant of the threshold 
model, or a variant of the SIR model. In the threshold model, an agent gets infected when at least ݔ her neighbors 
are already infected, where ݔ can be either an absolute number, or a relative share of her neighbors. The SIR is an 
epidemiological model where SIR stands for susceptible, infectious, and recovered. Usually, economist use only SI 
part of the model: the once learned knowledge cannot be unlearned, i.e. an infected agent cannot recover. In this 
model, an agent gets infected with some fixed probability every time she interacts with any of her infected 
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neighbors; thus the probability she gets infected rises in time. In both these approaches, the knowledge is shared 
only by the adopters of the product, i.e. being infected means that the agent has bought and consumes the product. 
The intuition of the diffusion is such that an agent buys a product because she can see some of her neighbors 
consuming it. Stonedahl et al. (2010) and Brudermann and Fenzl (2010) use threshold activation. Delre et al. (2010) 
and Goldenberg et al. (2000) use a combination of threshold and personal preference of the agents. Kempe et al. 
(2003), Watts and Dodds (2007), and Cointet and Roth (2007) use both threshold and SI. Kurahashi and Saito 
(2011) use a weighted mix between SI and threshold activation. Goldenberg et al. (2001) use a combination of an 
external contamination with a small probability (an advertisement) and SI with a higher probability (the word-of-
mouth). I am aware of no paper where the activation includes any economic reasoning, e.g. explicit optimization 
based on tastes and the product price; Delre et al. (2010) come closest. 
The seeding strategy describes how the marketer first introduces the content to the social network, i.e. which 
agents the marketer shares the content with. The typical seeding strategy in these papers is that one or more agents 
are randomly infected. Usually this seeding happens at the beginning of the simulation. Goldenberg et al. (2001) 
infect randomly chosen agent even in the simulation run to mimic an advertisement. Few papers, for instance 
Stonedahl et al. (2010), try to find optimal seeding strategy and optimal seed size, in this case by means of a genetic 
algorithm. 
Most papers measure only the proportion of agent that ultimately gets infected. Some papers acknowledge that 
the time when the agents get infected is also important: the early adopters may be more profitable than late adopters. 
Goldenberg et al. (2009) report the number of infected agents at various time points. Stonedahl et al. (2010) report 
the discounted value of the number of the infected agents. 
The researchers explore various questions. Kurahashi and Saito (2011), Delre et al. (2010), and Goldenberg et al. 
(2001) explore how the structure of the social network affects the number of the infected agents at the end of the 
day. Kurahashi and Saito (2011) and Brudermann and Fenzl (2010) explore how the model of the activation affects 
the number of the infected agents. Goldenberg et al. (2009) explore the role of hubs in creation and sustaining the 
“epidemic”. Goldenberg et al. (2001) explore the impact of external advertisement. Stonedahl et al. (2010), Kempe 
et al. (2003), and Brudermann and Fenzl (2010) explore how to set the seed of the initially infected agents to 
maximize the word-of-mouth spread of the knowledge. 
All the agent-based papers on the viral marketing I am aware of merge the individuals’ decisions to adopt a new 
product and to share information about it. This approach is suitable to model the traditional word-of-mouth diffusion 
of information. However, it does not seem to capture well the diffusion of viral videos and similar contents where 
the decisions to adopt the product and to share the content clearly are separated: an agent can share a viral video 
because she regards it as entertaining, interesting, or alarming without adopting the product herself. I am aware of 
no such published model. Thus this paper provides a first step towards it. 
3. Model 
Since we have in mind digital contents such as viral videos, it seems appropriate to model the marketing process 
in two steps: first, model how individuals share a potentially viral content, and second, model the adoption of the 
product among the infected individuals. We deal only with the first part here. In particular, we explore what factors 
determine the extent of digital content diffusion over a fixed social network. 
3.1. Activation mechanism 
We call every agent that has viewed the potentially viral content infected with no regard whether she has adapted 
the product or practice suggested by the content. It seems that in the real life, an infected agent’s decision whether 
and with whom to share a potentially viral content depends on three determinants: how much the agent is used to 
share any content in general, how much she finds the content appealing, and how much she believes her neighbors 
would like to see it. The decision to view a content shared by someone else depends on one’s personality and the 
relationship she has with the sender. In this paper, we model these two complex decisions as a simple probabilistic 
act: an infected person shares the digital content with each her neighbor with some probability. If she shares it with a 
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person, the person gets infected. We assume that each infected person shares the content only once: even if she is 
sent the content repeatedly, she does not bombard her neighbors again and again. 
The precise mechanism of the activation is as follows. At the initialization, every agent ݅ draws a probability ݌௜  
that she shares the content from the continuous uniform distribution ܷሺͲǡ ݒሻ where ݒ is the maximal virality of the 
content. Then she creates a list ݈௜ of agents to share the content with: she adds each of her neighbors to the list ݈௜ 
with probability ݌௜ . In the simulation run, let denote ݐ the time when agent ݅ is first infected. Then agent ݅ shares the 
content with all agents in list ݈௜ at time ݐ ൅ ͳ and each of these agents get infected at time ݐ ൅ ͳ. Agent ݅ shares the 
content with no one at any time other than ݐ ൅ ͳ. 
3.2. Network structure 
An agent’s neighborhood is defined by a social network in which the agent is located. It seems that actual internet 
social networks consist of two kinds of relations between the agents: friendship and following. Friendship is a 
symmetric relationship between two agents that can share the content with each other. The stylized facts are that 
friends are highly clustered (i.e. one’s two friends are likely to be friends together), the mean length of path between 
any two agents is quite short (about seven), and the number of one’s friends has the power distributions, i.e. many 
people have few friends while few people have many friends. The following is an asymmetric relationship between 
a followed person and a follower, say between a celebrity and her fan. The followed person can share the content 
with the follower but not vice versa. The stylized fact is that the number of one’s followers has the power 
distribution, i.e. most agents have very few followers while very few agents have very many followers. For the 
simplicity’s sake, we assume that no person can be at the same time one’s friend and follower, i.e. each pair of 
agents can have only one of these relations: they are friends, one is a follower of the other one, they follow each 
other, or they have no relationship at all. 
The model uses an artificial social network that tries to replicate these stylized facts. Since there is no widely 
accepted algorithm to generate such a social network, the two most widely used types of network, small world and 
power network (also called preferential attachment or scale-free network) are mixed together to get a network with 
the suitable properties. The small world network (see Fig. 1a) is highly clustered and its average path length is small 
but its degree distribution is rather symmetric. The power network (see Fig. 1b) has the short average path length 
property and its node degree has the power distribution but its nodes are not clustered. The mixed network, however, 
can be tuned to roughly resemble the stylized facts. 
 
 
 
  
(a) (b) (c) 
Fig. 1. (a) An example of a small world network; (b) an example of a power network (both chart are reproduced from Wilhite (2006)). (c) The 
explanation of the neighborhood concept. Agents 1 and 2 are friends, agent 1 is a follower of agents 4 and 5; agents 3 and 5 are followers of agent 
1. Agent 1 can be infected by agents 2, 4, and 5. When agent 1 gets infected, she shares the content with a subset of her neighborhood, i.e. agents 
2, 3, and 5 
The model network is created in two steps. First, a small world network is created by algorithm described by 
Watts and Strogatz (1998); the code has been adapted from NetLogo Model Library’s example Small Worlds, see 
Wilensky (2005). This network consists of symmetric (i.e. undirected) links that represent friendship. Second, a 
power network of directed links representing the following relationship is created over the friends’ network. The 
algorithm has been adapted from Wilhite (2006): one followers’ connection is added at a time, each agent is selected 
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randomly with the same probability as the follower and one other agent is selected randomly as the followed one 
with the probability proportional to each agent’s number of friends and followers. 
Each model network consists of 1 000 agents. Its parameters are selected to resemble the properties of the 
empirical networks. The agents are arranged into a circle. Each agent initially has 10 friends, 5 agents to the left of 
her and 5 agents to the right of her. Each link representing friendship is then rewired with probability 10 %, which 
creates the initial small world network. Then 2 000 followers’ links (i.e. two links per agent) are added. The mean 
clustering ratio of the networks is about 35 %. The distribution of number of friends is symmetric, while the 
distribution of the number of followers has roughly the power distribution, see Fig. 2. 
 
 
Fig. 2. The distribution of an agent’s friends, followers, and their sum. 
The set of agent ݅’s neighbors used in the activation mechanism described above is the union of the set of her 
friends and the set of her followers, see Fig. 1c for an example. 
3.3. Simulation, implementation, and treatments 
Each simulation consists of two parts: the initialization and the run. In the initialization, the agents are created 
and connected within the two networks. Each agent ݅ is assigned the probability ݌௜  that she shares the viral content 
with her friends and followers. She then creates the list ݈௜ of the agents which she shares the content with if infected. 
At the end of the initialization, the initial agents are infected. 
Each simulation run proceeds in discrete steps. In each step, each agent ݅ infected in the previous step infects the 
agents in ݈௜ and the total number of infected agents is calculated. The run ends when there are no infected agents that 
have not yet shared the content. 
There are three treatments in the model: the average probability that an agent shares a content with her neighbors 
(we call it mean virality of the content for short, equal to ݒȀʹ), the seeding strategy (i.e. the algorithm how the 
marketer selects the agents to be initially infected), and the seed size (i.e. how many agents are initially infected). 
The properties of the social network were kept constant within this paper. 
The model was simulated for maximal virality ݒ equal to 10, 20, 30, 40, and 50 %, i.e. mean virality 5, 10, 15, 
20, and 25 %. Five seeding strategies were used: 1) “random” where each agent was chosen into the seed with the 
same probability, 2) “friends” where the agents with the maximal number of friends were chosen, 3) “followers” 
where the agents with the maximal number of followers were chosen, 4) “influenced” where the agents with the 
maximal number of friends and followers were chosen, and 5) “expected influenced” where the agents with the 
maximal expected sharing (i.e. maximal product of ݌௜  and the number of friends and followers) were chosen. The 
model was simulated for the seed sizes between 1 and 12 (i.e. 0.1–1.2 % of the population). 
For each combination of parameters (seeding strategy, seed size, and the content virality), 100 networks were 
created. Since the seeding strategy selects the seed randomly (especially when the seeding strategy is “random” but 
also when the other strategies are used because the agent with the maximal number of friends, followers, etc., may 
not be unique), the simulation was run 30 times for every network when the seeding strategy was “random”, 5 times 
when the seeding strategy was “expected influenced” and 10 times otherwise. The whole simulation took about 
7 days on a modestly fast four-kernel PC. The model was implemented in NetLogo 5.0.5, see Wilensky (1999). The 
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web interface of the model is available at http://www.econ.muni.cz/~qasar/english/models.html. Resulting data were 
analyzed in R 3.0.2, see R Core Team (2013). Data charts were created with ggplot2, see Wickham (2009). 
4. Results of the simulations 
The major results of the simulations are summarized in Fig. 3. The figure shows that there is a phase transitions 
similar to the transition seen in the threshold models. In phase 1, almost no agents are infected, i.e. the seeding was 
from the marketing point of view unsuccessful. In phase 2, there is an “epidemic”, i.e. a great proportion of the 
population gets infected. It is the mean virality of the content that has major impact on what phase is realized: if the 
mean virality is very small (5 % in the model), only phase 1 occurs. As the virality of the content rises, more and 
more runs end in “epidemics”, i.e. phase 2 occurs. However, phase 1 can occur even with the highest tested mean 
virality (25 % in the model). When the “epidemic” occurs, the diffusion of the content through the network in time 
resembles the pattern of the Bass-like models, see Fig. 4. 
The virality of the content affects not only whether the “epidemic” occurs at all but also its size when it does: the 
expected number of infected agents rises with the mean virality of the content. At the same time, the variance of the 
number of infected agents in the “epidemics” first increases and then decreases when the virality of the content rises. 
The used type of the seeding strategy and the seed size are of a secondary importance. It is especially so when the 
mean virality of the content is low: no seeding can make the content to diffuse when the mean virality is 5 %. 
Clearly, the seeding strategy is not a substitute for creativity in preparing the content. 
When the mean virality of the content is high (20 or 25 % in the model), almost all agents get infected in almost 
all runs, and the seeding strategy and the seed size do not affect the expected number of the infected agents 
conditional that phase 2 occurs. However, they do affect the risk that phase 1 occurs. The results are very similar 
with the mean virality equal to 15 % with the exception the infected part of the population is smaller. 
Fig. 3 sorts the seeding strategies from the cheapest one at the top of the figure to the most expensive one at the 
bottom. The later strategies are more expensive at least in terms of information needed to carry out the seeding: the 
“random” seeding does not need any kind of information about the agents, the “friends” and “followers” strategies 
need the knowledge about the number of each agent’s friends or followers, the “influenced” strategy needs both, and 
the “expected influenced” strategy needs both knowledge of each agent’s number of friends and followers and the 
likelihood that she would share the content with her friends and followers. This kind of knowledge is known only to 
the social network’s operator, not to the marketer. The marketer has to pay to the operator to access the knowledge, 
and it seems likely that she has to pay more to buy more involving pieces of information. Fig. 3 shows that given the 
mean virality, the more expensive strategy lowers the risk that phase 1 occurs. However, the same can be achieved 
by increasing the seed size. Thus the marketer can choose either a more expensive seeding strategy or a higher seed 
size to achieve the same results. It is not possible to say what the best strategy is unless one knows the relative prices 
of addressing one initial agent under the different seeding strategies. 
When the mean virality is at least 15 %, the seed size necessary to avoid phase 1 is rather small: less than 1 % of 
the whole populations is sufficient for the “random” seeding and the number is even smaller for the more expensive 
seeding strategies. When the seed size is increased beside this point, the unconditional expected number of infected 
agents and the risk that phase 1 occurs remain almost unchanged. This is different when the mean virality of the 
content is 10 %. Then the unconditional expected number of the infected agents steadily rises with the seed size. The 
minimal size necessary to avoid phase 1 must be higher than 1.2 % tested here. 
The general conclusion of the simulations is that to diffuse the digital content like video advertisement through 
the social network, the best strategy is to make it as catchy as possible—no seeding strategy can ever be substitute 
for creativity. The seeding strategy can only slightly reduce the risk that the video does not spread at all. Some 
substitution between the subtlety of selecting the first addressed agents and their number is available to the marketer. 
It depends on the relative cost of these two actions, whether it is better to increase the size of the seed, or pay for 
better information. 
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Fig. 3. The simulation results: the number of infected agents for each level of mean virality, seed size, and seeding strategy. Each observation is 
denoted by a semi-transparent dot. The line denotes the mean values. Only unique seeds are reported. 
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Fig. 4. An example of the viral content diffusion through the network. The mean virality is equal to 20 %, seeding is “random”, and the seed size 
is 1. 
5. Discussion 
The presented model and simulations clearly have several limitations. First of all, the model was simulated only 
for one particular structure of an artificial social network. Thus it is not known whether the results can be 
generalized. Cointet and Roth (2007) show that the diffusion process can be quite sensitive to the specification of 
the social network, at least with threshold and SIR activation mechanisms. They propose to use rather empirical than 
artificial networks. Thus a replication of the simulation on different network structures should be done. Similarly, 
other distributions of the probability that an agent shares the content with her neighbors should be explored. The 
present paper thus is only the first step toward the truly general conclusion. 
Second, the conclusion about the impact of the seeding strategy and seed size may be artefact of the used simple 
seeding strategies. Perhaps, a better seeding strategy with different features could be found, e.g. by use of genetic 
algorithms as in Stonedahl et al. (2010). On the other hand, the results of the “random” seeding may be overly 
optimistic. The model expects that the marketer can infect any random subset of all agents. It is likely that in the real 
world, the marketer can address only agents from some segments of the whole network, and that randomly chosen 
agents are in this sense correlated. 
Third, in this paper we have assumed that the initially infected agents behave in the same way as the agents 
infected later, i.e. that the marketer cannot control whether the initial seed of agents share the content or not. This is 
a sensible assumption if the marketer does not pay her seed or if she is not able to observe the diffusion of the 
content over the network directly. However, other assumptions should be explored as well. 
Last but not least, the theoretic predictions of the paper should be tested empirically. 
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